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Abstract

A new hybrid numerical approach, using Weighted Sum of Squared Objective Functions (WSSOF) algorithm, was developed for multi-
responses optimization of carbon dioxide oxidative coupling of methane (CO2 OCM). The optimization was aimed to obtain optimal process
p se modeling
a algorithm
r lution. The
s results
o mpositions
f
©

K

1

s
m
t
c
d
o
O
a
d

D

)

)

s
wed
-

me
cata-

en

1
d

arameters and catalyst compositions with high catalytic performances. The hybrid numerical approach combined the single-respon
nd optimization using Response Surface Methodology (RSM) and WSSOF technique of multi-responses optimization. The hybrid
esulted in Pareto-optimal solutions and an additional criterion was proposed over the solutions to obtain a final unique optimal so
imultaneous maximum responses of C2 selectivity and yield were obtained at the corresponding optimal independent variables. The
f the multi-response optimization could be used to facilitate in recommending the suitable operating conditions and catalyst co

or the CO2 OCM process.
2004 Elsevier B.V. All rights reserved.
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. Introduction

The high CO2/CH4 ratio in Natuna’s natural gas compo-
itions, comprising of up to 71% carbon dioxide and 28%
ethane[1], should be strategically utilized for the produc-

ion of higher hydrocarbons, liquid fuels and other important
hemicals. Recently, the conversion of methane to C2 hy-
rocarbons (ethane and ethylene) using carbon dioxide as an
xidant (carbon dioxide oxidative coupling of methane (CO2
CM)) has received considerable attention[2–9]. Eqs.(1)
nd (2)are the two main CO2 OCM reaction schemes to pro-
uce C2 hydrocarbons, while carbon monoxide and water are
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the by-products.

2CH4 + CO2 � C2H6 + CO+ H2O

�H◦
298 = +106 kJ/mol (1

2CH4 + 2CO2 � C2H4 + 2CO+ 2H2O

�H◦
298 = +284 kJ/mol (2

Catalyst screening of CeO2-based catalysts for CO2 OCM
process over binary and ternary metal oxides[9] deter-
mined that the 15 wt.% CaO-5 wt.% MnO/CeO2 catalyst a
the most potential. Interestingly, the stability test sho
that the 15 wt.% CaO-5 wt.% MnO/CeO2 catalyst was sta
ble with no obvious coking during 20 h of reaction ti
on stream. However, the process parameters and the
lyst compositions of the CO2 OCM process have not be
optimized.
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The development of a highly efficient catalyst is important
and the key to obtain a highly efficient catalyst is the catalyst
design[10–13]. The relationships among catalyst composi-
tions, process parameters and catalyst compositions toward
the catalytic performances are very complex from the engi-
neering and chemistry points of view, but the determination
of a suitable catalyst is crucial for the CO2 OCM process.
Preferably, the very complex relation should be modeled at
a molecular level in the catalyst design to obtain a suitable
catalyst compositions and optimal operating conditions. The
optimal operating parameters, such as the CO2/CH4 ratio
and reactor temperature, and the catalyst compositions in the
CeO2-supported catalyst, provide essential information for
industrial CO2 OCM process.

Pertaining to the catalyst design, some previous re-
searchers introduced artificial neural network (ANN) to de-
sign the catalysts[10–13]. The selection of optimization
method is very important to design an optimal catalyst as
well as the relations between process parameters and catalytic
performances[14]. The previous researchers suggested that
artificial neural network is feasible and many experiments
can be avoidable[14]. According to the complex interaction
among the catalyst compositions, the process parameters and
the metal-support with no clear reaction mechanism in the
CO2 OCM process, it is more useful for the catalyst design
u ies.
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sive optimization study of simulated moving bed process was
also reported using a robust genetic algorithm optimization
technique[22].

The main objective of this paper is to develop a new hybrid
numerical approach for the simultaneous multi-responses op-
timization in the CO2 OCM process. A key feature of the hy-
brid numerical approach is the development of the Weighting
Sum of Squared Objective Functions (WSSOF) algorithm to
the simultaneous maximization of two responses, i.e. CH4
conversion and C2 selectivity, CH4 conversion and C2 yield,
or C2 selectivity and C2 yield, as the following task after
the development of single-response models. In this hybrid
numerical approach, the Nelder–Mead Simplex method was
utilized in the algorithm for solving the unconstrained opti-
mization problem.

2. Numerical methods and experimental design

2.1. Technique for single-response optimization

It is necessary to obtain the optimal single-response mod-
els and the corresponding independent variables before multi-
responses optimization is carried out. The optimal single-
responses are used for obtaining information of the optimiza-
tion boundary ranges. For example, in multi-responses opti-
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sing empirical models especially in the optimization stud
single-response optimization is usually insufficient for

eal CO2 OCM process due to the fact that most response
ethane conversion, products selectivity and yield, are
endent. Therefore, simultaneous multi-responses tech
ombined with the statistical single-response modeling u
SM is superior. Empirical and pseudo-phenomenolo
odeling approaches have been employed by resea

14–16] for optimizing the catalytic process. The empiri
odeling is efficient for the catalytic process optimizat

ut the drawback is that the model does not describe the
amental theory or actual phenomena. The empirical m
ay be more appropriate for process optimization whe

inetic mechanism is not well known.
Concerning the multi-responses optimization, a grap

ulti-responses optimization technique was implemente
ylitol crystallization from synthetic solution[17], but it is
ot useful for more than two independent variables or hi
on-linear models. In another study, a generalized dis
pproach technique was developed to optimize process
bles in the production of protoplast from mycelium[18].
he optimization procedure was carried out by searc

ndependent variables that minimize the distance fun
ver the experimental region in the simultaneous opt
ritical parameters. Recently, the robust and efficient t
ique of the elitist Non-dominated Sorting Genetic Al
ithm (NSGA) was used to obtain the solution of the com
ulti-objectives optimization problem[16,19–21]. A hybrid
enetic algorithm (GA) with artificial neural network w
lso developed[16] to design optimal catalyst and operat
onditions in the O2 OCM process. In addition, a compreh
ization, the simultaneous optimal C2 selectivity and yield i
esulted in the entire range between both individual opt
alues. In addition, reactor temperature and CO2/CH4 ratio
process parameters) and wt.% CaO and wt.% MnO in
eO2 catalyst (catalyst compositions) are searched in

ange between those of single-response optimization.
upposed that the simultaneous optimum is located withi
anges of single-responses optimization. In this section
ingle-response modeling and optimization are present

.1.1. Design of experiment using central composite
esign

A Central Composite Rotatable Design (CCRD) for f
ndependent variables was employed to design the ex

ents[26] in which the variance of the predicted responsY,
t some points of independent variables,X, is only a function
f the distance from the point to the design center[23–25].
he design of experiment is intended to reduce the nu
f experiments and to arrange the experiments with va
ombinations of independent variables. In the rotatable
ign, the standard error, which depends on the coordi
f the point on the response surface at whichY is evaluated
nd on the coefficientsβ, is the same for all points that a

he same distance from the central point. The value ofα for
otatability depends on the number of points in the fact
ortion of the design, which is given in Eq.(3) [23–25]:

= (F )1/4 (3)

hereF is the number of points in the cube portion of
esign (F= 2k, k is the number of factors). Since there
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Table 1
Experimental ranges and levels of factors or independent variables

Factors (X) Range and levels (xi )

−� (−2) −1 0 +1 +� (+2)

CO2/CH4 ratio (X1) (−) 1 1.5 2 2.5 3
Reactor temperature (X2) (K) 973 1048 1123 1198 1273
wt.% CaO (X3) (%) 5 10 15 20 25
wt.% MnO (X4) (%) 1 3 5 7 9

four factors, theF number is equal to 24 (=16) points, while
α is equal to (16)1/4 (=2) according to Eq.(3).

Process parameters of CO2/CH4 ratio and reactor temper-
ature, and catalyst compositions of wt.% CaO and wt.% MnO
in the CeO2-supported catalyst were selected as the indepen-
dent variables. The ranges of the independent variables are
based on the conditions screened prior to optimization and
are often used in the literatures[4,5,7]. Pertaining to space
velocity, gas hourly space velocity (GHSV) was fixed dur-
ing the reaction. The fixed space velocity value was chosen
based on the variables screening prior to optimization such
that performance of the catalyst is not influenced significantly
by the variable in the tested range. The ranges and levels used
in the experiments are given inTable 1in whichX1 denotes
CO2/CH4 ratio,X2 denotes reactor temperature, whileX3 and
X4 denote wt.% CaO and wt.% MnO in the CeO2-supported
catalyst, respectively[26]. In the experimental design, all

variables are coded for statistical calculation according to
Eq.(4) [23–25].

xi = α[2Xi − (Xmax + Xmin)]

Xmax − Xmin
(4)

wherexi is the dimensionless coded value of theith variable,
Xi the natural value of theith variable,Xmax andXmin are the
highest and the lowest limits of theith variable, respectively.

The experimental design matrix resulted by the CCD re-
vealed inTable 2 [26]consists of 26 sets of coded conditions
expressed in natural values. The design consists of a two-level
full factorial design (24 = 16), eight star points and two center
points. Based on this table, the experiments for obtaining the
responses, i.e. CH4 conversion (X(CH4)), C2 hydrocarbons
selectivity (S(C2)) and C2 hydrocarbons yield (Y(C2)) are car-
ried out at the corresponding independent variables addressed
in the experimental design matrix. These experimental data

Table 2
Experimental design matrix in their natural values and experimental results

Run no. Experimental design matrix of independent variables (uncoded) Experimental results

CO2/CH4

ratio (X1)
Reactor
temperature (X2)

wt.% CaO (X3) wt.% MnO (X4) X(CH4) (%) S(C2) (%) Y(C2) (%)

1 1.5 1048 10 3 2.63 69.01 1.82
2 1.5 1048 10 7 2.20 78.15 1.72
3 1.5 1048 20 3 1.76 24.62 0.43

1
1
1
1
1
1
1
1
1
1
2
2
2
2
2
2
2

N
1

4 1.5 1048 20
5 1.5 1198 10
6 1.5 1198 10
7 1.5 1198 20
8 1.5 1198 20
9 2.5 1048 10
0 2.5 1048 10
1 2.5 1048 20
2 2.5 1048 20
3 2.5 1198 10
4 2.5 1198 10
5 2.5 1198 20
6 2.5 1198 20
7 1 1123 15
8 3 1123 15
9 2 973 15
0 2 1273 15
1 2 1123 5
2 2 1123 25
3 2 1123 15

4 2 1123 15
5 2 1123 15
6 2 1123 15

ote: X(CH4), CH4 conversion (%);S(C2), C2 hydrocarbons selectivity (%);Y(C
00 ml/min; total pressure, 1 atm.
7 1.25 42.64 0.53
3 7.95 32.71 2.60
7 7.80 35.98 2.81
3 9.92 27.84 2.76
7 9.03 34.62 3.13
3 2.68 60.20 1.61
7 2.29 78.37 1.80
3 2.92 55.95 1.63
7 1.55 64.79 1.00
3 9.74 18.73 1.82
7 8.70 33.12 2.88
3 13.41 16.21 2.17
7 10.89 30.78 3.35
5 2.27 70.51 1.60
5 2.47 65.18 1.61
5 0.54 24.30 0.13
5 16.59 14.32 2.38
5 4.33 74.63 3.23
5 3.70 66.30 2.45
1 4.71 74.07 3.49

9 4.53 75.24 3.41
5 4.81 72.58 3.49
5 5.06 75.64 3.83

2), C2 hydrocarbons yield (%); catalyst weight, 2 g; total feed flow rate,
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are used for validating the single-response model of the cat-
alytic CO2 OCM process. The sequence of experiment was
randomized in order to minimize the effects of uncontrolled
factors. Detail description of the single-response modeling,
the catalyst preparation and the catalyst testing were reported
elsewhere[26].

2.1.2. Single-response modeling using Response Surface
Methodology (RSM)

The central composite design results revealed inTable 2
were analyzed using Response Surface Methodology. All
single-responses were modeled using the RSM corresponded
to independent variables[26]. The RSM is a technique con-
sisting of[23–25]: (a) designing of experiments to provide
adequate and reliable measurements of the response, (b) de-
veloping a mathematical model having the best fit to the data
obtained from the experimental design, and (c) determining
the optimal value of the independent variables that produces
a maximum or minimum response. In this paper, the design
of experiment and the Response Surface Methodology were
employed using STATISTICA, version 6, software (StatSoft
Inc., Tulsa, USA).

By the RSM, a quadratic polynomial equation was devel-
oped to predict the responses as a function of independent
variables involving their interactions[23–25]. In general, the
r .
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in Eq.(6).

Y = β0 + X′b + X′BX (6)

where
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for βij = βji

The stationary point can be calculated in Eq.(7).

X0 = −1
2B−1b (7)

The predicted response at the stationary point is approxi-
mated in Eq.(8).
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esponse for the quadratic polynomial is described in Eq(5).

= β0 +
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j=1

βjXj +
4∑

j=1

βjjX
2
j +

∑
i<j

βijXiXj (5)

hereYis the predicted response,β0 the intercept coefficien
j the linear terms,βjj the squared terms,βij the interaction

erms, andXi andXj represent the uncoded independent v
bles. The coefficients of the models for the three respo
ere estimated using multiple regression analysis techn

ncluded in the RSM. Fit quality of the models was jud
rom their coefficients of correlation and determination.

Pertaining to single-response optimization, the Nel
ead Simplex method was used to look for the optimal c
itions in which each response variable achieved a maxi
alue. The single-response optimization produces a m
um CH4 conversion, C2 selectivity and C2 yield indepen
ently with respect to a set of optimal process parameter
atalyst compositions.

.1.3. Canonical analysis of stationary point
VectorX that maximizes the predicted responses is ca

he stationary point and comprises ofX1, X2, X3 andX4.
he stationary point exists such that the partial derivativ
redicted response over those points equal to zero. Th

ionary point could represent a point of maximum respo
point of minimum response or a saddle point. The pa

he canonical analysis shows a nature of the stationary
23–25]. In general, pertaining to the second order consid
ion, the model can be expressed in matrix notation as w
0 = β0 + 1
2X′

0b (8)

The characteristic of the stationary point at the critica
ponse is determined from the sign and magnitude o
igenvalues (λi) [23,25,27]. The eigenvalues are obtain

rom the roots of the determinant relation as given in
9).

B − λI| = 0 (9)

If the λi are all positive, thenX0 is a point of minimum
esponse; if theλi are all negative, thenX0 is a point of max
mum response[25,27]. However, if theλi have differen
igns,X0 is a saddle point. Transformation of the fitted mo

nto a new coordinate system with the origin at the statio
oint X0 and thus rotation of the axes until they are pa

el to the principal axes help to characterize the statio
oint of the fitted models[23–25]. An equation developed b

he transformation is called the canonical form of the mo
hich is given in Eq.(10)

= Y0 + λ1w
2
1 + λ2w

2
2 + λ3w

2
3 + λ4w

2
4 (10)

herewi (i = 1, 2, 3, 4) denotes the transformed indepen
ariables or the canonical variables.

.2. Theory for multi-responses optimization

In fact, there is a vector of objectives,F(X) ={F1(X),
2(X), . . ., FM(X)} whereM denotes the number of o

ectives, that must be considered in chemical engin
ng process. The optimization techniques are develop



Istadi, N.A.S. Amin / Chemical Engineering Journal 106 (2005) 213–227 217

find a set of decision parameters,X ={X1, X2, . . ., XN}
whereN is the number of independent variables, defined
as the optimal independent variables. As the number of re-
sponses increases, the optimal solutions are likely to be-
come complex and less easily quantified. Therefore, the
development of multi-responses optimization strategy en-
ables a numerically solvable and realistic design problem
[14,28].

The task in multi-responses optimization is to create a
non-inferior solution to a set of problems and then select
among its members a solution that satisfies the objectives
[22,29]. Generally, the mathematical description of multi-
responses optimization is concerned with the minimization
or maximization of a vector of objective functions,F(X),
subject to a number of constraints and/or bounds as defined
in Eq.(11) [27,29–30].

minimize
X ∈ 	N

F (X) = [F1(X), F2(X), . . . , FM(X)]T

subject to : Gi(X) = 0, i = 1, . . . , I

Hj(X) ≤ 0, j = 1, ..., J

XL
k ≤ Xk ≤ XU

k , k = 1, ..., N

M ≥ 2

(11)

In this problem there areN variables withJ inequality con-
straints andI equality constraints. The function vectorF(X)
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Fig. 1. Technique for solving multi-response optimization problem: (a) map-
ping from parameter space (Ω) into objective function space (Λ); (b) Pareto-
optimal solutions.

to be a Pareto-optimal point or a non-inferior solution point
for multi-responses optimization if and only if there is no
X ∈ Ω such thatFM(X) ≤FM(X* ) for all M∈ {1, 2, . . ., M}
for minimization. A Pareto set is defined such that when we
move from one point to another, at least one objective func-
tion improves and at least one other worsens. In the two-
dimensional illustration, the set of non-inferior solution is
depicted inFig. 1(b) in which the Pareto-optimal solution
points lie on the curve between points C and D. Points A
and B represent a specific non-inferior solution points be-
cause an improvement in one objective,F1, requires an in-
crement in the other objective,F2, such thatF1B <F1A and
F2B >F2A.

Several methods are available for solving multi-responses
optimization problem, for example, weighted sum strategy
[30–32], �-constraint method[28,30,31,33], goal attainment
method[28,30] and Non-dominated Sorting Genetic Algo-
rithm[19,22,28]to obtain the Pareto set. Among the methods,
the NSGA is the most powerful method for solving a com-
plex multi-responses optimization problem. In the optimiza-
tion of CO2 OCM process, the WSSOF method is proposed
to solve the optimization of process parameters and cata-
lyst composition in combination with the Response Surface
Methodology.

Particularly, the multi-responses optimization problem,
d he
p rob-
l ined
s tech-
n so-
l ed to
t onse
e rob-
l

s the objective functions,Gi(X) the ith equality constraint
ndHj(X) is thejth inequality constraints. Thekth variable is
aried in the bounds of [XL

k , XU
k ]. The objective space mea

he space to which the objective vector belongs. The s
ll feasible pointsX is called the feasible regionF, but in

act, there is no unique solution to this problem if any
he components ofF(X) are competing. The multi-respons
ptimization concept is subsequently defined more prec
y considering a feasible region (Ω) for the parameter spa
X ∈ 	N ) that satisfies all the constraints as written in
12) [27,30].

Ω = {X ∈ 	N}

subject to :

Gi(X) = 0, i = 1, . . . , I

Hj(X) ≤ 0, j = 1, ..., J

XL
k ≤ Xk ≤ XU

k , k = 1, ..., N

(12)

The formulation allows us to define the corresponding
ible region (Λ) for the objective function space (F ∈ 	M) as
ormulated in Eq.(13).

Λ = {F ∈ 	M} whereF = F (X)

subject to : X ∈ Ω
(13)

The mapping of the parameter space (Ω) into the objective
unction space (Λ) represented for a two-dimensional c
s depicted inFig. 1(a) [30]. Therefore, a non-inferior sol
ion is defined from the feasible region of objective func
pace (Λ) within the parameter space of individual obj
ive functions ofF(X). The solutions are known as Pare
ptimal or non-dominated solutions. A vectorX* ∈ Ω is said
escribed in Eq.(11), can be formulated by converting t
roblem into a scalar single-response optimization p

em, f(X), which is easy to be solved using unconstra
ingle-response optimization technique. The WSSOF
ique allows a simpler algorithm, but unfortunately, the

ution obtained depends largely on the values assign
he weighting factors chosen. The scalar single-resp
quation converted from multi-responses optimization p

em is expressed in Eq.(14) [21,27,30–31,34], which con-
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siders the Weighted Sum of Squared Objective Functions
method[32]:

maximize
X ∈ Ω

f (Fi, Wi) =
2∑

i=1

Wi · Fi(X)2

subject to :
2∑

i=1
Wi = 1 and 0≤ Wi ≤ 1

(14)

wheref(Fi ,Wi) is called the utility function and the paramet-
ric weighting factors (Wi) are under the constraint set (Ω).
Generally, multi-responses optimization studies try to find the
best tradeoff among more than one objective or to calculate
all non-inferior solutions.

In the equations,W1 andW2 denote weighting factors with
respect to the objective functions,F1(X) andF2(X), respec-
tively. The coupled responses, i.e. C2 selectivity and C2 yield,
CH4 conversion and C2 selectivity, or CH4 conversion and
C2 yield, are assigned to the objective functions,F(X), and
the problem lies in attaching the weighting factors to each
objective function. The weighting factors do not necessarily
correspond directly to the relative importance of the objec-
tive functions. The maximization of Eq.(14) is interpreted
as selection ofW1 andW2 weighting factors for which the
slope of the line comprising the weighting factors leads to
the solution point where the line touches the boundary ofΛ.
T tions
o on
p

2
o

rre-
s pro-
c con-
d for-
m l so-
l uent
t nal
o dge
a func-
t in
t the
m ulta-
n tion
o e
m p-
p x-
i also
a ght-
i
l rior
s um-
m pair
d sum

of the normalized responses are generated. The normal-
ization of each response can be performed by employing
Eq.(15).

F̂1 = F1 − FL
1

FU
1 − FL

1

, F̂2 = F2 − FL
2

FU
2 − FL

2

(15)

The next task is choosing a maximum point of the gener-
ated

∑
F̂ i data with respect to maximum responses simulta-

neously. At this condition, the optimal independent variables
are attained. The corresponding optimal weighting factors,
responses, and independent variables are determined by in-
terpolation technique.

2.4. Algorithm of WSSOF technique in multi-responses
optimization

In this case, the multi-responses optimization utilizes
the single-response models developed by the RSM[26].
The boundary limits in the multi-responses optimization
are determined by minimizing the responses independently
in single-response optimization. The detail single-response
model development using the RSM was reported else-
where [26]. The Nelder–Mead Simplex method was
used in single-response optimization using MATLAB
codes.
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m

he underlying problem is that there are many combina
f W1 andW2 values to convince the non-inferior soluti
oint.

.3. Additional criterion for determination of final
ptimal responses

Theoretically, all sets of non-inferior solutions at co
ponding weighting factors are acceptable. In a real
ess, it is recommended to choose a set of operating
itions that will be adjusted to get high catalytic per
ances. In fact, the sets of solutions are not the fina

ution of the process optimization problem. The subseq
ask of the non-inferior solutions is the selection of fi
ptimal criterion, which requires an additional knowle
bout the system. In this case, the sum of the objective

ions,
∑

F(X), is proposed as the final optimal criterion
he CO2 OCM optimization. The idea is based upon
ain objective that the responses are maximized sim
eously. For example, in the multi-responses optimiza
f C2 selectivity and yield of the CO2 OCM process, th
aximum C2 selectivity and yield are desired. It is su
osed that when C2 selectivity and yield achieved their ma

mum values simultaneously, sum of both responses
chieved maximum. In this case, the variation of wei

ng factors allows the generation of corresponding C2 se-
ectivity and yield values with respect to the non-infe
olutions. The additional criterion is developed by s
ing both normalized responses which in turn the
ata of weighting factors, normalized responses and
Basically, the multi-responses optimization deals with
eneration and selection of non-inferior solution point
areto-optimal solutions. The techniques for multi-respo
ptimization are wide and various. In this paper, the weig
um of square objective functions is developed. The
OF converts the multi-responses problem into a s
ingle-response one by creating a weighted sum of s
f all the response functions as mentioned in Eq.(14)

21,27,30–32,34].
Detail of the WSSOF algorithm in the multi-respon

ptimization can be stated as follows:

tep 1. Develop the independent response models (F1(X)
ndF2(X)) using Response Surface Methodology suppo
y the number of experimental data.

tep 2. Get values of maximum of the responses
inimizing the models independently of each other

ng Nelder–Mead Simplex algorithm. This step is aim
o obtain the boundary limits of multi-responses. In
tep:

maximizeX ∈ Ω F1(X) = FU
1 (X∗), at this optimum poin

F2(X∗) = FL
2 (X∗);

maximize X ∈ Ω F2(X) = FU
2 (X∗), at this optimum poin

F1(X∗) = FL
1 (X∗).

tep 3. Formulate a multi-responses optimization pr
em by utilizing the single-response models accordin
q. (11).

aximize
X ∈ 	N

F (X) = Fi(X)
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Step 4. Convert the multi-responses optimization problem
in Step 3 into a single-response optimization problem by in-
troducing weighting factors,Wi , according to Eq.(14).

maximize
X ∈ Ω

f (Fi, Wi) =
2∑

i=1

Wi · Fi(X)2

subject to :
2∑

i=1

Wi = 1 and 0≤ Wi ≤ 1

Step 5. Solve the generated scalar single-response opti-
mization problems using unconstrained optimization tech-
nique with respect to the variation of the weighting factor
(Wi). Boundary limits of the searching are based on the re-
sults of Step 2. Use the Nelder–Mead Simplex technique for
multi-variable unconstrained optimization to solve the scalar
single-response optimization. Find the solution ofX* and
F(X) values corresponding to each combination ofWi sub-
ject to

∑
Wi = 1, andWi ≥ 0. The detail sub-algorithm for this

step can be written as follows:

Step 5a. Pick a starting pointX0. Set initialWi = [0 1]T

means that the searching is started from the boundaries
F2(X∗) = FU

2 (X∗) andF1(X∗) = FL
1 (X∗).

S
a

S d op-
t d
S lues
o of
w

S lues
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o
F
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r

S
F
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l opti-
m
w on-
l

3. Results and discussions

3.1. Single-response optimization of CO2 OCM process

The empirical single-response modeling of CO2 OCM
process over CaO-MnO/CeO2 catalyst was developed by
RSM based on design of experiment using CCRD. The mod-
els of CH4 conversion, C2 hydrocarbon selectivity and yield
were developed as a function of the process parameters, i.e.
CO2/CH4 ratio (X1), reactor temperature (X2), and the cata-
lyst compositions, i.e. wt.% CaO (X3) and wt.% MnO (X4).
The models of CH4 conversion, C2 hydrocarbons selectivity
and yield were described in Eqs.(16–18), respectively[26].

FCH4 conversion(X) = 230.9612− 4.1100X1 − 0.4251X2

− 2.1151X3 + 1.2208X4 − 1.8843X2
1

+ 0.0002X2
2 − 0.0024X2

3 + 0.0232X2
4

+ 0.0107X1X2 + 0.0995X1X3

− 0.2087X1X4 + 0.0019X2X3

− 0.0008X2X4 − 0.0204X3X4 (16)

FC2 selectivity(X) = −3480.035+ 177.6118X1 + 6.3335X2

− 16.6266X3 + 11.9748X4

F

n
c tion
c has
a e pre-
d f C
h h
a a
f pre-
d q.
( ex-
p n the
r

tep 5b. Put the scalar single-response model of Eq.(14)
s a function file.

tep 5c. Solve the scalar single-response unconstraine
imization problem (Eq.(14)) in Step 5b using Nelder–Mea
implex technique. This step produces the optimal va
f X* , F1(X* ) danF2(X* ) with respect to the variation
eighting factorWi .

tep 5d. Calculate the normalized optimal responses va
F̂1(X∗) andF̂2(X∗)) according to Eq.(15). Calculate sum
f both normalized responses values: (ΣF̂ (X∗) = F̂1(X∗) +

ˆ2(X∗)).

tep 5e. IsW1 ≤ 1 ? If yes, updateWi values and go to Ste
b. If no, terminate.

tep 6. Select a maximum value of the sum of normali
esponses at eachWi variations.

tep 7. Get the corresponding values ofX* , F1(X* ) and
2(X* ) using interpolation method.

In this algorithm, the single-response optimization p
em can be solved using a standard unconstrained

ization algorithm of Nelder–Mead Simplex technique[35],
hich is a robust algorithm for problems that are very n

inear or have a number of discontinuities.
− 15.6574X2
1 − 0.0029X2

2 − 0.1304X2
3

− 0.5532X2
4 − 0.1286X1X2

+ 1.5858X1X3 + 1.172X1X4

+ 0.0144X2X3 − 0.0063X2X4

+ 0.0202X3X4 (17)

C2 yield(X) = −150.0778+ 12.7327X1 + 0.2579X2

− 0.6948X3 − 1.3511X4 − 2.2464X2
1

− 0.0001X2
2 − 0.0101X2

3 − 0.0250X2
4

− 0.0044X1X2 + 0.0536X1X3

+ 0.0754X1X4 + 0.0008X2X3

+ 0.0014X2X4 − 0.0021X3X4 (18)

In the methane conversion model, Eq.(16), the regressio
oefficients are estimated with a satisfactory determina
oefficient (R2) of 0.975. The methane conversion model
considerable fitness between the experimental and th
icted values. Meanwhile, the regression coefficients o2
ydrocarbons selectivity model, Eq.(17), are estimated wit
dequate determination coefficient (R2) of 0.803 indicates

airly good agreement between the experimental and the
icted values. The C2 hydrocarbons yield model stated in E
18)withR2 of 0.952 implies a reasonable fit between the
erimental and the predicted values. The model is valid i
ange of operating conditions described previously[26].
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Table 3
Independent optimal values of C2 hydrocarbons selectivity from single-
response optimization

Independent variables (X) Location of
optimum

Maximum C2

selectivity (%)

CO2/CH4 ratio (X1) 1.9
Reactor temperature (X2) (K) 1080 82.62
wt.% CaO in the catalyst (X3) (%) 8.2
wt.% MnO in the catalyst (X4) (%) 6.8

The canonical analysis based on the stationary point of
the CH4 conversion, C2 hydrocarbons selectivity and yield
model are revealed in Eqs.(19)–(21), respectively.

Y1 = 2.756− 1.8913w2
1 − 0.006w2

2 + 0.0003w2
3

+ 0.0337w2
4 (19)

Y2 = 82.6022− 15.7206w2
1 − 0.5343w2

2 − 0.0866w2
3

− 0.0024w2
4 (20)

Y3 = 11.8116− 2.2474w2
1 − 0.0244w2

2 − 0.0098w2
3

− 0.0001w2
4 (21)

whereY1,Y2, andY3 stand for the canonical form of the CH4
conversion, C2 selectivity and yield models, respectively. The
mixed or different eigenvalues signs in Eq.(19) indicate that
the CH4 conversion model has a shape like a saddle at the sta-
tionary point[26,27], which consequently does not present a
unique optimum point. The different trend is shown by C2 se-
lectivity and yield models in Eqs.(20) and (21), respectively.
Both models show all negative eigenvalues indicate a unique
maximum C2 selectivity at the stationary point. The different
magnitudes of eigenvalues reveal an elliptical contour shape,
which means the effect of interaction among the independent
variables is important[27].
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and high CO2/CH4 ratio (about 2). In addition, the maximum
C2 hydrocarbons yield is attained at 3.93% with respect to
CO2/CH4 ratio, reactor temperature, wt.% CaO and wt.%
MnO of 2.0, 1175 K, 15.3% and 7.3%, respectively, as re-
vealed inTable 4. The optimal C2 yield was achieved at higher
reactor temperature (1123–1148 K) and high CO2/CH4 ratio
(about 2), which is in agreement with other researchers re-
sults[5,7,8]. The subsequent task of this work is focused on
finding the simultaneous maximum values of both responses.

3.2. Interpretation of multi-responses optimization
technique

3.2.1. A hybrid numerical approach of WSSOF
technique

Basically, the relation between catalysts compositions,
process parameters and the catalytic reaction performances
cannot be described in a simple empirical mathematical
model. The mathematical models for CH4 conversion, C2
selectivity and yield are complex that depend on the cata-
lyst composition and operating conditions, etc. The empir-
ical modeling using RSM combined with multi-responses
optimization is useful for optimizing the CO2 OCM process
in certain ranges of independent variables before the kinetic
studies are carried out, but the models may be meaningless
p d is
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e seful
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The multi-variables single-response optimization
erformed using the Nelder–Mead Simplex techni
ables 3 and 4reveal the independent optimal values
2 hydrocarbon selectivity and yield responses, respect

ogether with their optimal independent variables. F
able 3, the C2 hydrocarbons selectivity achieves a ma
um value of 82.62% at the corresponding optimal fac
f CO2/CH4 ratio, reactor temperature, wt.% CaO and w
nO being 1.9, 1080 K, 8.2% and 6.8%, respectively.

esults of the single-response optimization[26] is closed to
he result by Wang et al.[5,7] and Cai et al.[8] in which a
igh C2 selectivity was achieved at lower reactor tempera

able 4
ndependent optimal values of C2 hydrocarbons yield from single-respon
ptimization

ndependent variables (X) Location of
optimum

Maximum C2

yield (%)

O2/CH4 ratio (X1) 2.0
eactor temperature (X2) (K) 1175 3.93
t.% CaO in the catalyst (X3) (%) 15.3
t.% MnO in the catalyst (X4) (%) 7.3
hysically and phenomenologically. The hybrid metho
lso useful for exploring the interaction between the v
bles towards the process performances. The empirical
ling and the multi-responses optimization method are u

or designing a catalyst composition in relation with the p
ess parameters and validated with some experimenta
he results of the hybrid multi-responses optimization
e used to recommend the operating conditions and ca
ompositions for further experimental works in CO2 OCM
rocess especially in the kinetic studies.

A numerical approach is implemented in this pape
ptimize the simultaneous responses over the indepe
ariables. The single-response modeling and optimiz
ere conducted prior to multi-responses optimization u

he Response Surface Methodology and the Nelder–M
implex technique, respectively. The hybrid numerical
roach combines the single-response modeling using
nd solving the multi-responses optimization using WS

echnique. Meanwhile, an additional criterion was propo
o obtain a final unique solution. In the multi-responses o
ization, the numerical WSSOF technique is propose

onverting the multi-responses optimization into a sc
ingle-response problem as aforementioned in Eq.(14).

The detail numerical algorithm for the multi-responses
imization using the WSSOF technique was described cl
n the previous section. The numerical technique ca
reated by introducing the weighting factors,W1 andW2,
orresponding toF1(X) and F2(X), respectively. The tw
eighting factors do not necessarily correspond direct

he relative importance of the objectives. Sets of non-infe
olution points or Pareto-optimal solutions are obtained
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Fig. 2. Relationship of weighting factors variation and objective functions
(C2 selectivity and yield) in Pareto-optimal solutions.

non-inferior solution set, no decrease can be made in any of
the objectives without causing a simultaneous increase in one
or more of the other objectives. One of the weighting factors
(W1) corresponding toF1(X) is varied in the range of 0–1,
while another (W2) with respect toF2(X) is varied conversely
between 1 and 0 according to the constrain that sum ofW1
andW2 equal to 1[32]. Each weighting factor variation pro-
duces a scalar single-response optimization problem, which
resulted in an optimal response corresponding with optimal
decision variables (X). These treatments give a set of solu-
tion points or Pareto-optimal solution after whole weighting
factor was varied.

In fact, the non-inferior solution points at corresponding
weighting factors variation are not the final solution of the
problem. It is still difficult to recommend a set of operat-
ing conditions and catalyst compositions that are suitable to
achieve a high C2 selectivity and yield simultaneously. The
subsequent selection of those non-inferior solution points for
a unique optimal solution requires a final decision criterion,
which needs additional knowledge about the system. In this
case, sum of the objective functions,

∑
F(X), is proposed

as the final optimal criterion in the CO2 OCM process opti-
mization. As a result, the final optimal values of the responses
corresponding to the optimal independent variables are gen-
erated.

3
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W
y ile
c wn
t
t f C
s
F

Fig. 3. Relationship of weighting factors variation and objective functions
(CH4 conversion and C2 selectivity) in Pareto-optimal solutions.

ing the multi-responses optimization mean a single-response
optimization ofF2(X) as revealed in the algorithm of Step
2. Meanwhile on the contrary, the unity value ofW1 and
the zero value ofW2 during the multi-response optimiza-
tion mean an individual response optimization ofF1(X). This
phenomenon is formulated in Step 2 of WSSOF algorithm
to obtain the boundary limits of multi-responses optimiza-
tion. In term of simultaneous C2 selectivity and yield opti-
mization, the C2 hydrocarbons selectivity achieves 82.62%
(FU

1 (X∗)) when the C2 yield is 2.98% (FL
2 (X∗)) at the same

independent variables. In the contrary, the optimal C2 hydro-
carbons yield is achieved at 3.93% (FU

2 (X∗)), while the cor-
responding C2 hydrocarbons selectivity is 59.63% (FL

1 (X∗))
at the same independent variables. The correlations indi-
cate an opposing trend between the two responses where
the increment of one response lowers the other one and vice
versa.

Moreover, variation effect ofW1 andW2 to the objec-
tive functions of CH4 conversion (F1(X)) and C2 selectiv-
ity (F2(X)) is depicted inFig. 3, whereW1 is varied in the
range of 0.6–0.99, while consequentlyW2 is varied in the
range of 0.4–0.01. IncreasingW1 from 0.6 to 0.99 at de-
creasedW2 from 0.4 to 0.01 leads to increased objective
function of CH4 conversion and simultaneously decreases
C2 selectivity. In addition,Fig. 4takes into account the vari-
a nc-
t
i ed
W tion
v C
y

F ions
(

.2.2. Effect of weighting factors variation to the
areto-optimal solution points

Generally, the multi-responses optimization attemp
nd the best tradeoff among more than one objective
alculate all non-inferior solutions. In this case, the effec
eighting factors variations are shown inFigs. 2–4pertaining

o the simultaneous optimization of C2 selectivity and yield
H4 conversion and C2 selectivity, and CH4 conversion an
2 yield, respectively.
Fig. 2 takes into account the variation effect ofW1 and

2 to the objective functions (F(X)) of C2 selectivity and
ield at whichW1 is varied in the range of 0.01–0, wh
onsequentlyW2 is varied in the range of 0.99–1. It is sho
hat increasingW1 from 0 to 0.01 at decreasedW2 from 1
o 0.99 leads to increased objective function value o2
electivity,F1(X), and simultaneously decreases C2 yield,
2(X). The zero value ofW1 and the unity value ofW2 dur-
tion effect of weighting coefficients to the objective fu
ions of CH4 conversion (F1(X)) and C2 yield (F1(X)). It
s shown that decreasingW1 from 0.0236 to 0 at increas

2 from 0.9764 to 1 leads to decreased objective func
alue of CH4 conversion and simultaneously increases2
ield.

ig. 4. Relationship of weighting factors variation and objective funct
CH4 conversion and C2 yield) in Pareto-optimal solutions.
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Fig. 5. Pareto-optimal solution for multi-responses optimization of C2

selectivity and yield in CO2 OCM process.

3.2.3. Generation of Pareto-optimal solution in
multi-responses optimization

It is worth noting that single- and multi-responses opti-
mizations problems are conceptually different. In the multi-
responses optimization, there may not be a best solution
(global optimum) with respect to both objectives. Instead,
there are an entire set of optimal solutions that are evenly
good which leads to a situation wherein a set of non-inferior
solutions is obtained rather than a unique solution[22,36–37].

Figs. 5–7depict the Pareto-optimal solutions of the CO2
OCM process optimization over CaO-MnO/CeO2 catalyst
corresponding to the simultaneous optimization of C2 selec-
tivity and yield, CH4 conversion and C2 selectivity, and CH4
conversion and C2 yield, respectively. The trend of the Pareto-
optimal solutions shown in the figures coincides with that of
the weighting factors variation as depicted inFigs. 2–4. From
the figures, it can be shown that if theF1(X) increases, conse-
quently theF2(X) is worsened. Thus, it could not be deduced
that any of these non-dominated solutions in the Pareto set is
an acceptable final solution. The next task is how to choose
a unique final solution. The final solution is important in rec-
ommending the suitable operating conditions and catalyst

F CH
c

Fig. 7. Pareto-optimal solution for multi-responses optimization of CH4

conversion and C2 yield in CO2 OCM process.

compositions of the process. The selection of the final so-
lution over the entire non-inferior solution requires an addi-
tional knowledge of the system, and often, this knowledge is
intuitive and non-quantifiable. In this paper, the choice of the
final solution is based on the sum of both objective functions,
�F(X). As mentioned before, the unique optimum is chosen
at maximum of the sum of objective functions. The final cri-
terion means that the unique optimal solution corresponds to
the highest C2 selectivity and yield, CH4 conversion and C2
selectivity, or CH4 conversion and C2 yield simultaneously.
The Pareto set is useful, however, since it narrows the choices
and helps to guide the decision maker in selecting the desired
operating variables or preferred solution from among the set
of Pareto-optimal points.

3.2.4. Location of optimal process parameters and
catalyst compositions in multi-responses optimization of
CO2 OCM

Location of the optimal process parameters and the cat-
alyst compositions for the multi-responses optimization of

F
a
P

ig. 6. Pareto-optimal solution for multi-responses optimization of4
onversion and C2 selectivity in CO2 OCM process.
ig. 8. Location of final optimal conditions for simultaneous C2 selectivity
nd yield optimization using maximum normalizedΣF̂ (X) as criterion from
areto-optimal solution.
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Fig. 9. Location of final optimal conditions for simultaneous CH4 conver-
sion and C2 selectivity optimization using maximum normalizedΣF̂ (X) as
criterion from Pareto-optimal solution.

CO2 OCM are depicted inFigs. 8–10for C2 selectivity and
yield, CH4 conversion and C2 selectivity, and CH4 conversion
and C2 yield, respectively. The objective functions in this sec-
tion are presented as the normalized objective functions for-
mulated in Eq.(15). Pertaining to simultaneous optimization
of C2 selectivity and yield, the optimal process parameters
results depicted inFig. 8are 1.99 and 1127 K for CO2/CH4
ratio and reactor temperature, respectively. The simultane-
ous optimal C2 selectivity and yield in this optimization is
in accordance with the result by Wang et al.[5,7] and Cai
et al. [8] at which a high C2 yield was achieved at higher
reactor temperature and high CO2/CH4 ratio (about 2). How-
ever, the high C2 selectivity was attained at lower reactor
temperature. In addition, the final optimal compositions of
CaO-MnO/CeO2 catalyst are 12.78% and 6.39% for wt.%
CaO and wt.% MnO, respectively. Particularly, the unique fi-
nal maximum C2 selectivity and yield are included as one of
the Pareto-optimal solutions set as revealed inFig. 5. In fact,

F
v
c

the optimal values of decision variables are located within
the range of the individual response optimization using RSM
except for the wt.% MnO.

Fig. 9takes into account the location of simultaneous max-
imum CH4 conversion and C2 selectivity in which the final
optimal conditions are shown at CO2/CH4 ratio 1.88 and re-
actor temperature 1084 K, respectively. Meanwhile, the final
optimal catalyst compositions are obtained at 8.04 wt.% CaO
and 6.88 wt.% MnO in the CeO2-supported catalyst. The opti-
mal decision factors of multi-responses optimization of CH4
conversion and C2 yield as depicted inFig. 10 resulted in
the final optimal conditions of 2.01 and 1191 K for CO2/CH4
ratio and reactor temperature, respectively. The correspond-
ing optimal catalyst compositions are 16.09 wt.% CaO and
7.67 wt.% MnO in the CeO2-supported catalyst.

3.3. Multi-responses optimization results of CO2 OCM

3.3.1. Simultaneous optimization of C2 selectivity and
yield

The simultaneous multi-responses optimization results are
revealed inTable 5 together with the corresponding op-
timal independent variables. It is shown that the simulta-
neous optimal multi-responses are achieved at values of
76.56% and 3.74% for C2 hydrocarbons selectivity and yield,
r ob-
t d in
T ata-
l are
a .99
a nO
o ults,
t ange
b xcept
f
d xity
o e
n ent
f ature
h pti-
m nses,
w tion
b ignifi-
c

ature
a high
C and
w
a lyst.
T m-
p asing
C
t d im-
p
I cat-
a rds
ig. 10. Location of final optimal conditions for simultaneous CH4 con-
ersion and C2 yield optimization using maximum normalizedΣF̂ (X) as
riterion from Pareto-optimal solution.
espectively. In fact, the results are lower than those
ained from the single-response optimization describe
ables 3 and 4. The optimal process parameters and c

yst compositions from the multi-responses optimization
chieved at CO2/CH4 ratio and reactor temperature of 1
nd 1127 K, respectively, and the wt.% CaO and wt.% M
f 12.78% and 6.39%, respectively. According to the res

he optimal independent variables are located within the r
etween those from the single-response optimization e

or the wt.% MnO in the catalyst as revealed inFig. 8. The
istinct trend of wt.% MnO may be due to the comple
f the optimization problem of the CO2 OCM process in th
umerical computation. It implies that there exist differ

actors influencing both responses. The reactor temper
as the highest effect indicated by a high diversity in the o
al reactor temperature between multi- and single-respo
hile the wt.% MnO has the lowest effect. The interac
etween reactor temperature and wt.% CaO has also s
antly affected the responses[26].

Pertaining to the relationship between reactor temper
nd wt.% CaO, the previous results also indicate that a
2 selectivity is achieved at lower reactor temperature
t.% CaO in the catalyst, while a high C2 yield is achieved
t higher reactor temperature and wt.% CaO in the cata
he considerable C2 hydrocarbons yield at high reactor te
erature is related to a high methane conversion. Incre
aO content in the catalyst enhances the CO2 adsorption on

he catalyst surface due to increasing catalyst basicity an
roved the methane conversion, C2 selectivity and C2 yield.

nteraction of reactor temperature and wt.% CaO in the
lyst (X2X3) gives a considerable significant effect towa
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Table 5
Simultaneous optimal multi-responses of C2 selectivity and yield and its corresponding factors location

Simultaneous optimal multi-responses Corresponding weighting
coefficient (Wi )

Response Maximum value (%)

C2 selectivity (F1(X)) 76.56 W1 = 0.0018
C2 yield (F2(X)) 3.74 W2 = 0.9982

Location of factors for simultaneous optimal multi-responses

Factor/independent variable Optimum value

CO2/CH4 ratio (X1) 1.99
Reactor temperature (X2) (K) 1127
wt.% CaO in the catalyst (X3) (%) 12.78
wt.% MnO in the catalyst (X4) (%) 6.39

C2 hydrocarbons yield as reported in the previous paper[26].
In fact, a higher reactor temperature leads to enhancement of
methane conversion and C2 hydrocarbons yield but dimin-
ished the C2 hydrocarbons selectivity[26]. Unfortunately,
high reactor temperature is not selective to C2 hydrocarbons.
In the case of the high reactor temperature, methane may
be largely converted into carbon monoxide rather than C2
hydrocarbons. Based on this observation, the catalyst plays
an important role in promoting the product selectivity to C2
hydrocarbon and in inhibiting the reaction to CO and water.
According to thermodynamics equilibrium calculations, the
equilibrium constant increases with the reactor temperature
for an endothermic reaction such as CO2 OCM. The larger
equilibrium constant shifts the reaction to the right and in-
creases the equilibrium conversion.

3.3.2. Simultaneous optimization of CH4 conversion and
C2 selectivity

The simultaneous CH4 conversion and C2 selectivity
optimization results are revealed inTable 6. In this table, the
simultaneous optimal CH4 conversion and C2 hydrocarbons
selectivity are achieved at values of 3.48% and 82.56%,
respectively. The corresponding optimal process parameters
and catalyst compositions are achieved at the CO2/CH4 ratio
and reactor temperature of 1.88 and 1084 K, respectively,
a 8%,

respectively. The operating conditions results can also
be shown inFig. 9. In fact, the simultaneous optimal C2
selectivity is closed to that of the optimal single-response.
In the single-response optimization, the C2 selectivity has a
maximum performance at low reactor temperature, while a
high CH4 conversion is achieved at high reactor temperature.
However, the simultaneous optimization of CH4 conversion
and C2 selectivity is significantly affected on lowering the
optimal reactor temperature. It is implied that a lower reactor
temperature leads to a higher C2 selectivity, while a higher
reactor temperature leads to a high C2 yield.

3.3.3. Simultaneous optimization of CH4 conversion and
C2 yield

Table 7demonstrates the multi-responses optimization of
simultaneous CH4 conversion and C2 yield including its cor-
responding optimal conditions. It is shown that the simul-
taneous optimal CH4 conversion and C2 yield responses are
obtained at 9.07% and 3.91%, respectively. FromTable 7it is
revealed that the simultaneous optimal CH4 conversion and
C2 hydrocarbons yield are achieved at CO2/CH4 ratio and
reactor temperature of 2.01 and 1191 K, respectively, and
wt.% CaO and wt.% MnO of 16.09% and 7.67%, respec-
tively. In fact, the simultaneous optimal CH4 conversion and
C2 yield are attained at high reactor temperature (1191 K). It
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esponses Maxim

H4 conversion (F1(X)) 3.48

2 selectivity (F2(X)) 82.56

ocation of factors for simultaneous optimal multi-responses

actor/independent variable

O2/CH4 ratio (X1)
eactor temperature (X2) (K)
t.% CaO in the catalyst (X3) (%)
t.% MnO in the catalyst (X4) (%)
s suggested that both CH4 conversion and C2 yield are en

ts corresponding factors location

Corresponding weighting
coefficient (Wi )

lue (%)

W1 = 0.966
W2 = 0.034

Optimum value

1.88
1084

8.04
6.88
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Table 7
Simultaneous optimal multi-responses of CH4 conversion and C2 yield and its corresponding factors location

Simultaneous optimal multi-responses Corresponding weighting
coefficient (Wi )

Responses Maximum value (%)

CH4 conversion (F1(X)) 9.07 W1 = 0.015
C2 yield (F2(X)) 3.91 W2 = 0.985

Location of factors for simultaneous optimal multi-responses

Factor Optimum value

CO2/CH4 ratio (X1) 2.01
Reactor temperature (X2) (K) 1191
wt.% CaO in the catalyst (X3) (%) 16.09
wt.% MnO in the catalyst (X4) (%) 7.67

Table 8
Result validations of the final optimal point in the multi-responses optimization of C2 selectivity and yield

C2 yield (%) C2 selectivity (%)

Fmulti-responses Fexperimental % Relative
error*

Fmulti-responses Fexperimental % Relative
error*

3.74 3.76 0.56 76.56 65.27 17.30
3.74 3.39 10.22 76.56 63.56 20.45
3.74 3.49 7.30 76.56 67.92 12.72
3.74 3.35 11.78 76.56 67.21 13.92

Average relative error 7.47 16.10

Note: Operating conditions: CO2/CH4 ratio, 1.99; reactor temperature, 1127 K; catalyst, 12.78 wt.% CaO-6.39 wt.% MnO/CeO2.
∗ % Relative error=

( |Fexperiment−Fmulti-responses|
Fexperiment

)
× 100%.

hanced at a high reactor temperature as described elsewhere
[26].

3.4. Results validation and benefit of multi-responses
optimization in CO2 OCM process

In this optimization, there are three multi-responses opti-
mization combinations where two responses are simultane-
ously applied for each combination, i.e. C2 selectivity and
yield, CH4 conversion and C2 selectivity, and CH4 conver-
sion and C2 yield. In this case, the optimization of C2 selec-
tivity and yield is chosen for the recommendation in order
to suggest the operating conditions and the catalyst compo-
sitions. The reason for this choice is that C2 yield involves
CH4 conversion and C2 selectivity as mentioned in the pre-
vious section. It is expected that the simultaneous optimiza-
tion of C2 selectivity and yield takes into account the high
performance of CH4 conversion, C2 selectivity and C2 yield
simultaneously.

Moreover, the experimental validations of CO2 OCM pro-
cess with respect to the multi-responses optimization of C2
selectivity and yield are revealed inTable 8. In this valida-
tion, the C2 selectivity and yield at the final optimal point
are compared with those from experimental data at the sim-
ilar conditions. From the table, it is shown that the average
r nd
7 rfor-

mances of the experimental works are still lower than that
from the multi-responses optimization.

Indeed, the empirical modeling using RSM combined with
multi-responses optimization is useful for optimizing the
CO2 OCM process in certain ranges of independent variables
before kinetic studies are implemented. The empirical mod-
eling and the multi-responses optimization method is useful
for designing a catalyst as well as exploring the interaction
among the variables towards the process performances. The
results of the hybrid multi-responses optimization can be used
to recommend the operating conditions and catalyst compo-
sitions for further experimental works in CO2 OCM process
especially in the kinetic studies.

4. Conclusions

A new multi-responses optimization algorithm using
Weighted Sum of Squared Objective Functions technique to
obtain Pareto-optimal solutions was developed. A unique op-
timal point among the Pareto set was resulted by consider-
ing an additional optimal criterion. The algorithm success-
fully optimized CO2/CH4 ratio, reactor temperature, wt.%
CaO and wt.% MnO in the catalyst in order to maximize
two responses simultaneously, i.e. C2 hydrocarbons selectiv-
i s
C ch
elative error for C2 selectivity and yield are 16.10% a
.47%, respectively. However, it is shown that the pe
ty and yield, CH4 conversion and C2 selectivity, as well a
H4 conversion and C2 yield. The hybrid numerical approa
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combined single-response modeling using Response Surface
Methodology with the WSSOF technique for solving multi-
responses optimization. In this paper, the WSSOF technique
was successfully implemented to solve the multi-responses
optimization in CO2 OCM process.

The operating conditions and catalyst compositions from
multi-responses optimization of C2 selectivity and yield
within the Pareto-optimal solutions were chosen as recom-
mendation for the CO2 OCM process. This choice was based
on the fact that the C2 yield was taken into account both
CH4 conversion and C2 selectivity. The maximum values of
76.56% and 3.74% for C2 hydrocarbons selectivity and yield,
respectively, were achieved with respect to the optimal inde-
pendent variables: CO2/CH4 ratio = 1.99, reactor tempera-
ture = 1127 K, wt.% CaO = 12.78% and wt.% MnO = 6.39%.
The optimal C2 selectivity and yield from the validation re-
sults closed to those from multi-responses optimization with
small relative errors. The results of the multi-response opti-
mization could be used to facilitate in recommending suitable
operating conditions and catalyst compositions for the CO2
OCM process.
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